INTRODUCTION
Culinary preferences contribute significantly to the sense of ourself [2] . While gender, race, sexuality and ethnicity describe our "major identity", preferences in music, style and food define our "minor identity". However, we find that only certain parts of them can be explained by gender-specific differences in the food consumption behavior, while other parts can be better explained by the media portrayal of food consumption.
This work sets out to investigate gender which is part of our major identity and how it effects the way we define our minor identity online by exploring a large set of usergenerated geo-tagged food pictures. Concretely, we tackle the following research questions:
• Do gender-specific differences exist in the type of food men and women upload? How stable are those differences over time?
• What are the factors driving gender-specific differences in the food picture uploading behavior?
To address the second research question we explore two potential explanations: food consumption and gender portrayals of food consumption in the media (e.g. for advertisements). Cultivation theory predicts that media's portrayal of the world affects people's beliefs about reality and consequently may impact their behavior [4, 3] . Therefore, food-specific gender roles that are propagated in the media (see e.g. Figure ? ?) may impact both, the self-image people want to promote and what they actually consume. Further, what people consume might also explain to some extent the type of public self-image they create and/or might impact the development of targeted campaigns in the media which are informed by consumer marketing.
FOOD IMAGE UPLOAD BEHAVIOR
In the following we explore gender-specific differences in the type of food men and women upload.
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Data Collection
To be able to differentiate different types of food and drinks, we used a list of basic food vocabulary that is used for teaching English 1 as a starting point. This list contains important food words which can be grouped into nine macro-categories: meat, fish, fruit&vegetables ("vegetables" for brevity), milk&diaries ("milk" for brevity), sweets, ethnic food (e.g., "indian food"), fast food (e.g., "cheeseburger"), alcoholic drinks, coffee&tea. In the following we will refer to these categories and, from time to time to some of their subcategories (e.g., decomposition of alcoholic drinks into beer, wine, and booze). We make the full list of words for each category publicly available 2 . We then collected a random sample of nearly 15M Flickr images taken by around 1M users between 2005 and 2014 labeled with at least one tag in our list and whose uploaders specified their gender in their public profile. All data have been anonymized and processed in aggregate. 41% of the users in our sample are female. The users in our sample are quite active in terms of number of uploads; the mean number of pictures per user is 200, the average over 1000.
Food Popularity
Since we aim to identify gender-specific differences in the popularity among different food categories, we first compare how the interest of women (or men) in food is distributed across our food categories. We use the number of women (or men) who uploaded at least one picture that corresponds to the food category as a proxy for the male (or female) interest in that food category. Using the number of pictures would certainly be an alternative; however, this method would be very prone to super-users (e.g. professional photographers), who upload much more pictures than most users. Figure 1 shows that the distribution of interest over food categories looks pretty similar for men and women at the first glance.
However, interesting differences become visible when comparing the ratio between the proportion of men and women that uploaded pictures of the same food category (cf. Figure 2) . For example, 24% of all men uploaded at least one picture of beer at some point, while 17% of women did the same. This leads to a men-women ratio of 1.41 which means that beer is 41% more popular among male users than female users. Figure 2 shows that the most "male food or drink" is beer, followed by booze, fast food and meat, while the most "female food or drink" are sweets, milk, coffee, veg- etables/salad and fish.
To further explore which tags are most indicative for men and women we train a Naive Bayes classifier. We use the classifier to determine which terms are most effective for distinguishing the gender of the user who uploaded and tagged the picture. Using likelihood ratios for comparing different feature-outcome relationships, we find that the most discriminative food-related tags are the following: "cupcakes take the cake" (female:male ratio = 7.9 : 1.0), "buttercream" (female:male ratio = 7.7 : 1.0), "cupcackes" (female:male ratio = 4.8 : 1.0), "baked goods" (female:male ratio = 4.8 : 1.0) and "muffins" (female:male ratio = 4.2 : 1.0). This confirms our intuition that especially sweets are more likely to be uploaded by women and are therefore indicative for women.
Temporal Trends in Gender Differences
Self selection bias prevents us from making statistical inference for single points in time. In addition, potential changes in the composition of the population of the online community over time prevent us from using time series to make statistical inference about changes over time. However, if changes in the composition of the online community members are consistent across genders, then the comparison of relative changes for men and women can be used to provide information about trends (e.g., does the popularity of meat increase more for men than for women?) Figure 3 shows two examples of how gender-specific food trends change over time 3 . One can see that the popularity of vegetables is increasing for men and women (i.e., more male and female users upload more pictures about vegetables), but for women the increase is slightly stronger, indicating that vegetables will stay a rather female food category. De- spite that, the difference between men and women in the relative volume of photos depicting vegetables has diminished during the years. Further, we can see that the number of users who upload pictures of alcohol, which is more popular among men according to our aggregated analysis, is decreasing for both genders. However, the number of pictures about alcohol in the female population is increasing, while it is decreasing in the male population. This indicates that the male population of alcohol drinkers seems to lose interest in posting alcohol pictures over time, while the female population gains interest in it. A more fine-grained analysis of different types of alcohol (beer, wine and booze) showed that beer is going down for both genders (which was also reported in a recent Gallup survey [1]), while wine and booze becomes more popular among the female population that uploads alcohol pictures.
CONCLUSION
Since (i) the Flickr user population is constantly changing and (ii) we only analyze Flickr users who upload pictures labeled with a certain set of food-related tags, our sample is not representative of the whole population of Flickr users, neither of its sub-communities that are passionate about food pictures (and, of course, also not for the population of any country). Nevertheless, we believe that our sample might give a good indication on the gender differences in uploading food pictures online. The self-selection bias prevents us from making statistical inference for the whole group of users. However, there is no reason to believe that this bias is not consistent across genders and therefore the relative comparison of these two gender groups may still reveal interesting information.
Our results highlight interesting differences in which type of food men and women upload and show that only certain parts of them can be explained by differences in the food con-
